ABSTRACT Motivation: 2D fluorescence spectra provide information from intracellular compounds. Fluorophores like trytophan, tyrosine and phenylalanin as well as NADH and flavins make the corresponding measurement systems very important for bioprocess supervision and control. The evaluation is usually based on chemometric modelling using for their calibration procedure off-line measurements of the desired process variables. Due to the data driven approach lots of off-line measurements are required. Here a methodology is presented, which enables to perform a calibration procedure of chemometric models without any further measurement. Results: The necessary information for the calibration procedure is provided by means of the a priori knowledge about the process, i.e. a mathematical model, whose model parameters are estimated during the calibration procedure, as well as the fact that the substrate should be consumed at the end of the process run. The new methodology for chemometric calibration is applied for a batch cultivation of aerobically grown S. cerevisiae on the glucose Schatzmann medium. As will be presented the chemometric models, which are determined by this method, can be used for prediction during new process runs.
INTRODUCTION
For on-line bioprocess monitoring many measurement devices have been developed, however, only few of them can really be applied to follow the actual state of the cells, i.e. intracellular conditions. Fluorescence make a noninvasive monitoring of intracellular compounds possible. Using a multi-wavelength excitation/emission spectrofluorometer, the fluorescence of fluorophors like * To whom correspondence should be addressed.
NADH, amino acids (e.g. tyrosine and tryptophan) as well as vitamins (like pyridoxine and riboflavin) can be measured simultaneously in a so-called 2D-fluorescence spectrum (Stärk et al., 2002) . Therefore, the physiological state of the organisms under consideration can be detected by monitoring the culture fluorescence (Horvath et al., 1993) .
For quantification of 2D-spectra chemometric models are used, because theoretical models describing the culture fluorescence spectra by using exact fluorophor concentrations are much to complicated. One reason for this is, that the fluorescence spectra as well as quantum yield factors of amino acids can change significantly, if they are used as building blocks in different proteins. Furthermore, the fluorescence spectra depend on the inner filter and the cascade effect as well as on many bioprocess variables like, e.g. optical density, viscosity, ion concentration as well as the size and number of bubbles (Li and Humphrey, 1991) . Therefore, to convert the spectra to meaningful information, chemometric modelling techniques, i.e. data driven techniques, must be applied.
One disadvantage of data driven modelling is the huge amount of calibration data necessary to calculate reliable models. For these calibration procedure a lot of off-line measurements of bioprocess variables are obligatory (Martens and Naes, 1989) . However, if this time consuming task is performed well, after calibration these process variables can be predicted by the chemometric models out of the 2D-fluorescence spectra.
In this contribution a new calibration methodology is presented, which do not require the time expensive collection and processing of samples for off-line measurement data. Instead a priori knowledge about the process is used such as a mathematical model, whose model parameter are determined during the calibration procedure, as well as the fact that the whole substrate has to be consumed at the end of the process run. The fluorescence data discussed here are collected during the growth of Saccharomyces cerevisiae on a glucose medium.
SYSTEM AND METHODS

The cultivation and the fluorescence measurements
The yeast cells S. cerevisiae H620 have been grown in a 1.5 L bioreactor at a temperature of T = 30 • C and at pH 5.5 by using the Schatzmann medium supplemented with glucose. During cultivation the fluorescence spectra have been collected every 6 minutes by the BioView-spectrometer (Delta Light & Optics, Denmark) as described by Stärk et al. (2002) . Each spectrum consists of 150 excitation emission wavelength pairs, which are composed as follows: 15 filters in a region of 270 to 550 nm for excitation and 15 filters in the region of 310 to 590 nm for emission with a bandwidth of 20 nm each and collected equidistant every 20 nm as well. This gives 15 i=1 i = 120 excitation emission wavelength pairs. This is complemented by measurements of the scattering light were no filter is used for excitation (the whole spectrum) but 15 filters for emission as well as vice versa, which provides 30 additional measurement spots. Therefore, altogether 150 excitation emission wavelength pairs are recorded. For one cultivation 201 spectra have been gathered. Therefore, 30 150 individual measurement points have been collected. The software of the BioView spectrometer provides ASCII files, which can be directly processed by MATLAB (Ver. 6.0.0.88 R12, The MathWorks, Inc., Natick, USA). For the evaluation procedure in MATLAB the spectra have been supplemented, so that a 16×16-matrix for each spectrum has been obtained (the MATLAB specifier 'NaN' has been used).
The evaluation procedure
If S. cerevisiae cells are exposed to glucose, biomass as well as ethanol are produced even under aerobic conditions (the well known Crabtree effect) and a diauxic growth pattern can be observed (Zang et al., 1997) . The process can be modelled by three differential equations:
G, E and X are the glucose, the ethanol as well as the biomass concentration. µ G and µ E are the specific growth rates on glucose and ethanol respectively. Y GX , Y GE and Y EX are the yield coefficients with respect to the conversion from glucose to biomass, glucose to ethanol and ethanol to biomass respectively. The diauxic growth can be considered in the model by the fact, that µ G is only greater than zero if glucose is present, and then there is no growth on ethanol (µ E = 0 1/h) (glucose repression).
If glucose has been consumed, then the cells have just ethanol as the only carbon source, so µ G = 0 1/h but µ E is greater than zero until ethanol is consumed. During the calibration procedure of the chemometric models this typical evolution of the process variables, obtained here by numerical integration of the differential equations using a Runge-Kutta-method, is compared with the pattern of the 2D-spectra. During the simulation the yield coefficients have been fixed to values, which are determined by pre-runs of the cultivation (Y GX = 0.167 g cell /g gluc , Y GE = 0.5 g cell /g etha and Y EX = 0.333 g cell /g etha are the yield), however the values for the specific growth rates are determined during the chemometric calibration procedure using an optimisation algorithm.
ALGORITHM AND IMPLEMENTATION
For the chemometric calibration procedure simulated values of the process variables were used substituting the measurements of these variables intend to predict. As a rough simplification the optimisation procedure was applied to minimise the error of prediction of process variables complemented by the amount of substrate not metabolised utilising the chemometric model parameters (used for prediction) as well as growth rates (used for simulation) as optimisation variable. The procedure is implemented by using MATLAB Simulink (Ver. 4.0, The MathWorks, Inc., Natick, USA).
Due to the fact, that the fluorescence spectra are significantly different during glucose (phase I) and ethanol (phase II) consumption two different chemometric models are calculated. The data base for chemometric modelling has a three-way structure, one identifying the sample number, one considering the variation in excitation wavelength and one in emission wavelength. A general multi-way PLS regression model, which was shown to be optimal according to the underlying theory of PLS, is given by Bro (1996) . Therefore a three-way analysis were carried out (Bro, 1998) . Altogether five individual three-dimensional partial least square regressions (N-way Toolbox 1.04 for MATLAB; Andersson and Bro, 2000;  http://www.models.kvl.dk/source) are performed: one for glucose prediction (just for phase I), two for biomass as well as ethanol prediction (one for each phase).
In detail the whole optimisation procedure is presented in Figure 1 and is performed in four different steps, which are processed iterative in a cycle until a minimum of the quality functional was obtained:
(1) Simulation: Using µ 1 and µ 2 (for the first time roughly estimated starting values are applied) the cultivation process is simulated, e.g. for biomass, glucose and ethanol the concentrations are calculated. (2) Spectra division: From the simulated data the end of phase I (glucose consumption) as well as the end of phase II (ethanol consumption) are determined. The fluorescence spectra are divided accordingly into two sets with respect to their time tack: one for the glucose phase the other for the ethanol phase. Each set of spectra is subdivided into a calibration and a test set by using one spectra for calibration and the next for test set and so on.
(3) Calibration: For three-way PLS-regression the spectra as well as the simulated data, which are the usual Y -variables and substitute the calibration measurement used usually, are mean centred and the N-PLS is performed using the calibration set as well as a fixed number of principal components. No further data pre-processing has been performed as well as no data reduction, i.e. the full spectra have been processed further. Using the variable Fac of the N-way toolbox, the number of components were fixed to two. During preceding experiments with this cells, it is known that two principal components describe more than 98% of the variance and are optimal for the prediction of biomass, glucose and ethanol. The fact, that two components are sufficient for the prediction of the three process variables, is caused by the interdependence of biomass, glucose and ethanol. (4) Assessment: Using the test set a sum of squared weighted differences of the simulated and predicted process variables is calculated supplemented by the substrate not consumed (a priori knowledge about the process). The weighting factors are selected in accordance with the maximal concentration expected of the corresponding quantities; therefore glucose got a factor of one (reference), ethanol one of 2.5 (= 30 g Glucose /12 g Ethanol ) and biomass one of three (= 30 g Glucose /10 g Biomass ); the value of the remaining ethanol concentration was just added to the sum of squared weighted differences to obtain the quality functional. The functional is minimised by the Simplex algorithm of Nelder and Mead or a genetic algorithm changing the specific growth rates µ 1 and µ 2 for process simulation. All four steps are processed in a cycle until the minimum of the functional is obtained.
For the genetic algorithm a toolbox available as various MATLAB files was applied (The Genetic Algorithm Toolbox, Department of Automatic Control and Systems Engineering, University of Sheffield, http://www.shef.ac.uk/uni/projects/gaipp/ga-toolbox/). As individuals specific values of the growth rates µ 1 and µ 2 was used in the interval of 0.3 1/h to 1 1/h and 0.03 1/h to 0.1 1/h, respectively. For the selection of N 0 = 100 starting individuals, whose numbers decrease each cycle i according to N i = 0.97 N i − 1, a roulette wheel selection has been performed. By a rate of 0.7 a double-point crossover is carried out to produce offspring, which were mutated by a rate of 0.1. After 30 generations the individual with the best fitness, i.e. the lowest value of the quality functional, was selected.
RESULTS
The proposed method was applied to fluorescence spectra gathered during the yeast cultivation. Figure 2 presents the quality functional depending on µ 1 and µ 2 . As can be seen, there is a local minimum at µ 1 = 0.407 1/h and µ 2 = 0.058 1/h, where the Simplex algorithm can be stuck depending on the start-parameters. The genetic algorithm, however, was always able to find the global minimum at µ 1 = 0.41 1/h and µ 2 = 0.048 1/h.
In Figure 3 the predicted (using the chemometric model) and simulated process variables as well as their off-line measurements of glucose, ethanol and biomass are presented. As one can see, the ethanol is consumed more than one hour before the end of spectra recording; therefore it has no influence on the quality functional around the optimum identified. However, the ethanol value is important, to punish small growth rate values in the quality functional. Although, during the calibration procedure of the chemometric models no off-line measurement were used, the prediction correspond very well with the measured ones. The root mean square errors of prediction with respect to the off-line measurements are 0.5 g/L, 0.5 g/L and 0.2 g/L (percentage error with respect to the maximal simulated values: 6%, 5% and 1%) for biomass, ethanol and glucose prediction, respectively. That the chemometric models can be used to predict the concentration values during new process runs, can be seen in Figure 4 , where predicted values as well as measured values for an other cultivation run can be seen. The new run has been carried out as the first one, however, all preparations, such as the preparation of the inoculum, the medium and the reactor set-up, have been done individually. Here, the models are exclusively used for prediction. As mentioned before, altogether five models have been calculated during the optimisation procedure.
Three models for glucose consumption phase, and two for ethanol consumption phase. For online prediction one has to decide which should be applied. To determine, when the ethanol consumption has started, three conditions are checked:
(1) Is the prediction of the glucose concentration zero?
(2) Are the predictions of the first and second model for biomass equal?
(3) Are the predictions of the first and second model for ethanol equal?
The first set of models (glucose consumption) are used until two of these conditions are fulfilled, then the second set of models are applied till the end of the cultivation. The root mean square errors of prediction (RMSEP) for biomass, ethanol and glucose with respect to the off-line measurements are 0.5 g/L, 0.9 g/L and 1.5 g/L (percentage error with respect to the maximal simulated values: 6%, 9% and 5%) respectively. Only the biomass error is the same compared to the calibration data, both others are higher. This might be due to the fact, that biomass directly presents fluorescence but glucose and ethanol will just indirectly effect it. Most of the glucose measurement are higher than their predicted values, which indicate a systematic error. This can be due to variations in the preparation of the medium, which sometimes effect its colour.
DISCUSSION
Fluorescence spectra provide information from intracellular compounds. However, the evaluation is usually based on chemometric models, which requires for the calibration procedure off-line measurements of the desired process variables. Here a methodology is presented, which enables to perform a calibration procedure of chemometric models without any further measurement of the process variables, which is performed usually (e.g. by McGovern et al., 2002) . Instead of the measurements the a priori knowledge about the process is utilised by means of a mathematical model, whose parameter are estimated during the calibration procedure of the chemometric models, and the fact that no ethanol should be left at the end of the process. The test of the determined chemometric model is performed twofold: With offline measurements of the same process run, as well as offline measurements of a new process run carried out individually. This procedure can give indications if the preparatory work, such as autoclavation of the medium, has influence on the chemometric model. The errors obtained from the second run are higher except that for biomass, which is equal for both runs, but still the errors are in an acceptable range. This indicate, that the determined model can be applied for prediction of the process variables of further process runs.
The proposed methodology can be applied to any data driven models, like ordinary partial least square regression, principal component regression as well as neuronal networks, and is not restricted to fluorescence spectra evaluation. Any multivariate measurement signal representing many substances simultaneously as well as characteristics of the process can be used. It enables the determination of the concentration of these substances, without any direct measurement. The only requirement is a priori knowledge about the process, i.e. a theoretical model and additional facts, such as that the substrate is consumed at the end of the process. It will substitute the tiring measurement usually required. Furthermore, the kinetic parameters of the model will be determined during the calibration procedure simultaneously. The number of parameters to identify will depend on the characteristics in the spectra and should not be too much. The optimisation algorithm will fit the pattern of the simulation to the pattern of the multivariate measurements, like the fluorescence spectra presented in this contribution.
